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Abstract In this paper, we consider the problem of

multinomial classi�cation of magnetoencephalography

(MEG) data. The proposed method participated in the

MEG mind reading competition of ICANN'11 confer-

ence, where the goal was to train a classi�er for pre-

dicting the movie the test person was shown. Our ap-

proach was the best among 10 submissions, reaching

accuracy of 68 % of correct classi�cations in this �ve

category problem. The method is based on a regular-

ized logistic regression model, whose e�cient feature

selection is critical for cases with more measurements

than samples. Moreover, a special attention is paid to

the estimation of the generalization error in order to

avoid over�tting to the training data. Here, in addi-

tion to describing our competition entry in detail, we

report selected additional experiments, which question

the usefulness of complex feature extraction procedures

and the basic frequency decomposition of MEG signal

for this application.
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1 Introduction

Functional neuroimaging relies on statistical inference

for explaining relations between measured brain activ-

ity and an experimental paradigm. During the recent

years, supervised classi�cation has become increasingly

important methodology in analyzing functional neu-

roimaging data [49] within functional magnetic reso-

nance imaging (fMRI) [41] as well as in electroencepha-

lography (EEG) and magnetoencephalography (MEG)

(for reviews, see, e.g., [32,37]) with earliest papers trac-

ing back to early 90's [24,27,31]. The signi�cance of the

topic is witnessed, for example, by special issues dedi-

cated to brain decoding in technical [49] and more ap-

plied journals [16]. In brain research, pattern classi�ers

can be used to answer the questions is there informa-

tion about a variable of interest (pattern discrimina-

tion), where is the information (pattern localization)

and how is that information encoded (pattern charac-

terization) as explained in more detail in [37] and [35].

A major bene�t of this pattern classi�cation approach

over the more traditional analysis methods is that it,

in principle, allows the identi�cation of the set of data

patterns, which are diagnostic for engagement of a par-

ticular task [39]. Important results regarding, e.g., face

processing [15] and early visual processing [17,22] in

human brain have been obtained using the technique.

The uses of pattern classi�ers on EEG and MEG

data have concentrated around applications in the brain

computer interfaces (BCIs) for which there is a large

body of literature [4,3]. The majority of studies in BCIs
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have focused on EEG with relatively few channels. For

example, Van Gerven et al. [50] used regularized logis-

tic regression to classify imagined movements of right

or left hand based on EEG data from 16 channels. Per-

haps more relevant to the present work is [48], where

regularized logistic regression was applied for two di�er-

ent problems with 64-channel EEG data: 1) 2-category

self-paced �nger tapping task from the BCI Competi-

tion 2003 and 2) a P300 speller system task from the

BCI competition III, which is a 36-category classi�ca-

tion problem. In the BCI-IV competition1, one task was

the classi�cation of the direction of wrist movements

based on 10-channel MEG data [46]. Surprisingly, only

one of four entries to the competition clearly exceeded

the chance level in classi�cation accuracy. Other stud-

ies focusing on the decoding of MEG data include Zh-

danov et al. [53], who applied regularized linear dis-

criminant analysis to MEG signals recorded while sub-

jects were presented with images from two di�erent cat-

egories (faces and houses). Chan et al. [6] applied a

support vector machine (SVM) classi�er to decode the

data that was recorded using simultaneous scalp EEG

and MEG while the subjects were performing auditory

and visual versions of a language task. Rieger et al. [43]

applied an SVM to test whether it is possible to pre-

dict the recognition of brie�y presented natural scenes

from single trial MEG-recordings of brain activity and

to investigate the properties of the brain activity that

is predictive of later recognition. Besserve et al. [2] ap-

plied an SVM to classify between MEG data recorded

during a visuomotor task and resting condition.

In this paper, we propose a method for supervised

classi�cation of MEG data. Our method is based on

multinomial logistic regression with elastic net penalty

[9,54] and it was the most accurate in the �Mind Read-

ing from MEG� challenge organized in conjunction with

the International Conference on Arti�cial Neural Net-

works (ICANN 2011) in June 2011 [19]. The task in

the competition was to train a classi�er for predicting

the type of a movie-clip being shown to the test sub-

ject based on MEG recordings. In more detail, the sub-

ject was viewing video stimuli from �ve di�erent cate-

gories (football match, 2 di�erent feature �lms, record-

ing of natural scenery, and arti�cial stimulus) while

MEG signal was recorded. The MEG signal recorded

from 204 channels was cut into non-overlapping one-

second epochs by the competition organizers. These

epochs along with the corresponding category labels

were released to the participants as training samples,

and the task was to build a classi�er that can predict

categories of unseen samples. The classi�cation per-

formance was assessed by the competition organizers

1 http://www.bbci.de/competition/iv/index.html

based on the independent test set, which was hidden

from participants during the competition. Our method

achieved 68 % accuracy on the test samples and was

a clear winner among 10 methods participating to the

competition. In addition to ICANNMEG data, we high-

light the good performance of our method with MEG

data from the BCI-IV competition where the experi-

mental paradigm is much simpler than with the ICANN

MEG data.

There are certain key di�erences between typical

BCI and our �Mind reading from MEG� decoding ap-

plications as laid out by Zhdanov et al. [53]. Perhaps

most importantly, the dimension of input data is much

higher in MEG than that of EEG typically used in BCI

applications, the number of samples is much smaller,

and the behavioral paradigm is much more complex

here. Moreover, all the above cited uses of supervised

classi�ers in MEG [53,6,43,2] di�er from the predic-

tion task in the ICANN competition in that they were

based on strictly controlled behavioral paradigm and

the knowledge about the paradigm was often applied

in the feature extraction. Moreover, all except Chan et

al. [6] considered only a binary (two-category) classi�-

cation problem.

The elastic net has been used in neuroimaging with

fMRI data sets in the context of classi�cation [10,41]

and regression [5] problems, but not with MEG data

and, in the classi�cation setting, not in a naturalistic

behavioral paradigm like movie watching studied in this

paper. As our main contribution, we propose using a

linear classi�er for classi�cation of MEG data and il-

lustrate its e�ciency using simple features such as the

mean and standard deviation of the measurement sig-

nals. Despite the simplicity of our approach, the ex-

perimental results con�rm an excellent performance in

cases with complex behavioral paradigms (which movie

is shown) as well as in simple setups (which direction

the hand is moving).

The rest of the paper is organized as follows. Af-

ter introducing the data and the acquision setup, we

will describe the details of the proposed method in Sec-

tion 2. In Section 3 we present results of applying the

method for the ICANN dataset with basic set of mean

and standard deviation features (Section 3.1), with a

larger set of statistical quantities as features (Section

3.2), and with frequency band energy features (Section

3.3). Moreover, we consider the classi�cation perfor-

mance for a modi�ed version of the ICANN challenge

problem in Section 3.4, and experiment with data from

an earlier BCI-IV MEG decoding challenge [46] in Sec-

tion 3.5. Finally, Section 4 discusses the results and

concludes the paper.
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Fig. 1: Block diagram of the proposed method.

2 Methods

2.1 Material

In the results section we study the e�ciency of our

method using the data released in the mind reading

competition2. The data set consists of within-subject

MEG signals recorded from a single test person while

watching �ve di�erent video stimuli without audio:

1. Arti�cial: Animated shapes or text

2. Nature: Nature documentary clips

3. Football: Soccer match clips

4. Bean: Part from the comedy series �Mr. Bean�

5. Chaplin: Part from a Chaplin movie

The provided measurements consist of 204 gradiome-

ter channels, and the length of each individual epoch is

one second and the sampling rate is 200 Hz. Moreover,

the �ve band-pass �ltered versions of the signal are also

included in the measurement data, with bands centered

on the frequencies of 2 Hz, 5 Hz, 10 Hz, 20 Hz, and 35

Hz.3

The MEG measurements were recorded on two sep-

arate days such that the same set of video stimuli was

shown to a test person on both days. Stimuli labeled as

either Arti�cial, Nature, or Football (short clips) were

presented as randomly ordered sequences of length 6 �

26 s with a 5 s rest period between the clips, while Bean

and Chaplin (movies) were presented in two consecutive

clips of approximately 10 minutes. In the competition

data, the measurements are cut into one-second epochs

that are further divided into training and testing such

that the training data with known class labels contains

677 epochs of �rst day data and 50 epochs of second

day data while the secret test data contains 653 epochs

2 The data can be downloaded from http://www.cis.hut.

fi/icann2011/meg/measurements.html
3 Note, that the challenge report [25] erroneously states the

frequency features to be the envelopes of the frequency bands.
However, the data consists of the plain frequency bands;
see the erratum at http://www.cis.hut.fi/icann2011/meg/
megicann_erratum.pdf.

of second day data only. Note that the ground truth

class labels for the test recordings have been released

after the end of the competition.

The data is provided in a randomized order, and the

complete signal cannot be reconstructed based on the

individual signal epochs. During the competition, the

competitors were told that the secret test data comes

from the second day measurements only and that�

similar to the training data�it is approximately class-

balanced. The division between training and test data

was elaborate. In particular, 33 % of the test samples

consist of recording during stimuli not seen in the train-

ing phase in order to test the ability of the classi�ers

to generalize to new stimuli. A more detailed descrip-

tion of the data can be found in the challenge report by

Klami et al. [25].

2.2 Overview

Our method follows the strategy of feature extraction

followed by a multinomial linear logistic regression clas-

si�er. We use elastic net penalization in estimating the

model parameters, which results in a sparse model and

works as an embedded feature selector. The structure

of our approach is illustrated in the block diagram of

Figure 1.

More speci�cally, the training and error estimation

procedures consist of two nested cross-validation (CV)

loops as illustrated in Algorithm 1. The outer loop is

used for estimating the performance for the unlabeled

test data using, e.g.,N = 200 splits of the training data,

while the inner (e.g., M = 5 fold) CV loop is used for

selection of classi�er parameter λ (see Section 2.4).

The high computational complexity of simultaneous

error estimation and parameter selection can be clearly

seen from the pseudo code. In order to speed up the de-

velopment, our method uses parallel validation spread

over numerous processors as also described in Section

2.5. A Matlab implementation of our method is avail-

able for download4.

4 http://www.cs.tut.fi/~hehu/mindreading.html
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Algorithm 1 Error estimation and parameter selection

using nested cross validation.

Initialize α to a �xed value, e.g., α = 0.8.
// Outer CV loop:

for n = 1→ N do
Divide the training data into training and validation sets
as described in Section 2.5
// Select the best λ using M-fold CV:

for λ = λmin → λmax do
// Inner M-fold CV loop:

for j = 1→M do
Train with all training data except the jth fold.
Estimate the error ej by classifying the jth fold.

end for
The error estimate eλ,n is the mean of ej .

end for
end for
The error estimate for each λ is the mean of eλ,n ovar all
n = 1, . . . , N .
Classify the test data using the λ with smallest error.

2.3 Feature Extraction

There were 204 (channels) × 200 (time points, N) =

40800 measurements per one exemplar and, thus, the

possible number of features is much larger than the

number of training samples. We approach this problem

by �rst deriving a pool of simple summary features,

and then feed these to the joint feature selection and

classi�cation. The full set of features consists of 11 sim-

ple statistical quantities listed in Table 1. Some of the

features are proposed earlier in the literature (e.g., the

mean [29]), but most were chosen due to their simplicity

and widespread use in statistics.

The ICANNMEG challenge data includes a nonzero

DC component, and thus many epochs exhibit either

increasing or decreasing linear trend. As the signi�-

cance of these random �uctuations for predicting the

brain activity is unclear, we decided to calculate the

features using also a detrended version of the time se-

ries in addition to the raw measurement. Moreover, this

is in coherence with the usual preprocessing of several

MEG studies, which use a bandpass �lter to remove low

frequency components, e.g., below 5 Hz. However, de-

trending does not have boundary problems and is thus

favorable especially with short segments. For example,

a frequency selective �nite impulse response (FIR) �l-

ter with N taps requires N − 1 past samples in the

delay line, which are not available in the beginning of

the signal.

Detrending simply �ts a slope into the time series

and calculates the residual. More speci�cally, denote

one epoch of the MEG signal from the ith channel by

si = [si(1), . . . , si(N)]T , for i = 1, ..., 204. Then the

Table 1: The pool of features extracted from the MEG

signals. Notation �(d)� is used for indicating the de-

trended features.

Intercept x
(1)
i = b̂i

Slope x
(2)
i = âi

Variance (d) x
(3)
i = 1

N

∑N
n=1 s̃

2
i (n)

Std. dev. (d) x
(4)
i =

√
x
(3)
i

Skewness (d) x
(5)
i = 1

N
(x

(4)
i )−3

∑N
n=1 s̃

3
i (n)

Kurtosis (d) x
(6)
i = 1

N
(x

(4)
i )−4

∑N
n=1 s̃

4
i (n)

Variance x
(7)
i = 1

N

∑N
n=1(si(n)− b̂i)2

Std. dev. x
(8)
i =

√
x
(7)
i

Skewness x
(9)
i = 1

N
(x

(8)
i )−3

∑N
n=1(si(n)− b̂i)3

Kurtosis x
(10)
i = 1

N
(x

(8)
i )−4

∑N
n=1(si(n)− b̂i)4

Fluctuation x
(11)
i = 1

N−1

∣∣∑N
n=2 sgn(si(n)− si(n− 1))

∣∣

linearly detrended signal s̃i(n) is de�ned by

s̃i(n) = si(n)− âi(n− 100.5)− b̂i, (1)

where the slope âi and intercept b̂i are obtained by a

least squares �t minimizing
∑N

n=1 s̃
2
i (n). Note that the

value 100.5 subtracted from n is selected as the mid-

point of time indices 1, 2, . . . , 200. With this particu-

lar value the intercept b̂i becomes equal to the sample

mean.

With the above notation, we can de�ne our pool

of features consisting of the following set of statistics

{x(1), x(2), . . . , x(11)}, where each element x(j) = {x(j)i |
i = 1, 2, . . . , 204} contains the speci�c feature values

calculated from the measurement signals of all the chan-

nels. The extracted features are listed in Table 1.

With this selection, the total number of features ex-

tracted from the ICANN MEG challenge data becomes

p = 11 × 204 = 2244 if using only the raw measure-

ments; or p = 6×11×204 = 13464 if using also the �ve

bandpass �ltered channels. With only a few hundred

training samples, the problem is clearly ill-posed with

a large set of highly correlated predictors. Thus, a nat-

ural direction is to seek for an e�cient feature selection

method, which we will consider next.

2.4 Logistic Regression with Elastic Net Penalty

After extracting multiple candidate features for each

of the 204 channels, we still have a large number of

features compared to the number of training samples

making the prediction problem ill-posed. Further, we

are not sure, which features work the best or even turn

out useful in our case. To cope with the ambiguity, we

use a logistic regression model (also known as the logit

model) with elastic net regularization [54]. In addition
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to designing a classi�er, the elastic net includes a spar-

sity enforcing regularization term and thus works as

an embedded feature selector that automatically selects

the set of relevant features and channels from the pool

of candidates.

More speci�cally, the symmetric multinomial logis-

tic regression models the conditional probability of class

k = 1, 2, . . . ,K given the p-dimensional feature vector

x = (x1, x2, . . . , xp)
T as

pk(x) =
exp(βk0 + βT

k x)∑K
j=1 exp(βj0 + βT

j x)
, (2)

where βk0 and βk = (βk1, βk2, . . . , βkp)
T are the coe�-

cients of the model [14]. For this model to be valid we

have to assume mixture or x-conditional sampling [1]

or�in a more relaxed form�that the class frequencies

are (approximately) the same in the training and test

data. Despite of the apparent nonlinearity of Equation

(2), the resulting classi�er is linear and the class k∗ of a

test sample x is selected as k∗ = argmaxk

{
βk0 + βT

k x
}
.

In the elastic net framework, the training of the lo-

gistic regression model consists of estimating the un-

known parameters {βk0,βk}K1 by maximizing the pe-

nalized log-likelihood

M∑
i=1

log pki(xi)− λ
K∑

k=1

(
α||βk||1 + (1− α)||βk||22

)
, (3)

where ki ∈ {1, 2, . . . ,K} denotes the true class of the

ith training sample xi (i = 1, 2, . . . ,M). The regular-

ization term is a combination of the `1 and `2 norms

of the coe�cient vectors βk, and the weights for both

types of norms are determined by the mixing parameter

α ∈ [0, 1]. The extent of regularization is controlled by

the second regularization parameter λ ≥ 0.

The role of parameter α is to determine the type of

regularization. When α = 0, the `1 norm vanishes and

the purely `2 regularized result can be expected to work

well in cases, where there are several noisy and mutually

correlating features. This is because penalizing the `2
norm brings the coe�cients of the correlating features

closer to each other resulting in noise reduction in form

of averaging. On the other hand, when α = 1, the `2
norm disappears, which produces a generalized version

of the Least Absolute Shrinkage and Selection Operator

(LASSO) [47]. The LASSO is widely used in regression

problems and known for its ability to produce sparse

solutions where only a few of the coe�cients are non-

zero, and this property carries over to the elastic net

(except for the case α = 0). Thus, both the LASSO

and the elastic net can be e�ciently used as an implicit

feature selectors.

The role of the parameter λ is to control the strength

of the regularization e�ect: The larger the value of λ,

the heavier the regularization. For small values of λ, the

solution is close to the maximum likelihood solution,

while large values of λ allow only restricted solutions

and push the coe�cients towards zero. In practice, the

values of both regularization parameters α and λ are

determined by CV, i.e., all combinations over a �xed

grid are tested and the CV errors are compared. Note

that this CV round is separate from that of Section

2.5, nested inside the error estimation loop of the entire

solution.

In the case of Equation (2), the logit model is sym-

metric unlike the traditional multinomial logistic re-

gression model, where one category is selected as the

base category against which all the other categories are

compared (see, e.g., Kleinbaum and Klein [26]). Note

that while the coe�cients of the model (2) are not iden-

ti�able without constraints, the penalty term in Equa-

tion (3) solves the ambiguity in a natural way [9]. This

symmetry is useful here because regression coe�cients

are easier to interpret in the classi�cation context. The

linear discriminant functions of the classi�er have the

same parametric form gk(x) = βk0 + βT
k x for every

class k = 1, . . . ,K. Thus, the larger the |βkj |, the more

important the feature j is for the discrimination as-

suming the features are normalized to an equal vari-

ance (note that this is di�erent from normalizing the

original data). The traditional asymmetric model would

lead to discriminant functions gk(x) = βk0 + βT
k x for

k = 1, . . . ,K − 1 and gK(x) = 0, i.e., parametric form

of the discriminant functions would di�er between the

base class K and the other classes [52, Page 161].

Elastic net regularized generalized linear models in-

cluding logistic regression models can be e�ciently �t

using a coordinate descent algorithm proposed by Fried-

man et al. [9]. There is also a MATLAB implementation

available5.

2.5 Performance Assessment

An important aspect for the classi�er design is the error

assessment. This was challenging in the mind reading

competition, because only a small amount (50 samples)

of the test dataset was released with the ground truth.

There is reason to believe that the characteristics of the

data from the two days can be di�erent. Additionally,

we obviously wanted to exploit the second day data also

for training the model. Since we wanted to maximize

our accuracy on the secret test data, we concentrated

5 http://www-stat.stanford.edu/~tibs/glmnet-matlab
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our error estimation to the 50 second day samples with

annotation.

A natural cross-validation error estimation technique

would be the leave-one-out error estimator for the sec-

ond day data. More speci�cally, we would train with all

the �rst day data and 49 samples of the second day data

and test with the remaining second day sample. This

way there would be 50 test cases whose mean would

be the leave-one-out error estimate. However, we were

concerned about the small number of test cases and the

high variance of the CV error estimator (see, e.g., [8]

and references thereof), and decided to consider alter-

native divisions of the second day data to training and

testing.

As a result, we randomly divided the 50 test day

samples into two parts of 25 samples. The �rst set of

25 samples was used for training, and the other for per-

formance assessment6. Since the division can be done

in
(
50
25

)
> 1014 ways, we have more than enough test

cases for estimating the error distribution. This ap-

proach gives slightly too pessimistic error estimates be-

cause only half of the second day data is used for train-

ing (as opposed to 98 % with leave-one-out), but has

smaller variance due to larger number of test cases.

Moreover, the pessimistic bias is not a problem, be-

cause we are primarily interested in comparing feature

sets during method development rather than actually

assessing the absolute prediction error.

The imbalance in the number of samples between

the �rst and second day data is quite signi�cant, be-

cause with the above division the training set contains

more than 25 times more �rst day data than second

day data. Since we wanted to emphasize the role of the

second day data, we assigned a higher cost to their mis-

classi�cation. After experimentation, the misclassi�ca-

tion cost for all second day samples was set three-fold

the cost of �rst day samples.

The remaining problem in estimating the error dis-

tribution is the computational load. One run of training

the classi�er with CV of the parameters takes typically

10 � 30 minutes. If, for example, we want to test with

100 test set splits, we would be �nished after a day

or two. For method development and for testing dif-

ferent features this is de�nitely too slow. However, the

error estimation can be easily parallelized; simply by

testing each division of the test data on a di�erent pro-

cessor. For example, in our case we had access to a

grid computing environment with approximately 1000

6 In the subsequent sections we refer to the �rst day data
as training data, the 25 training samples from the second day
as validation data and the remaining 25 samples from the
second day as test data. The 653 originally unlabeled test
samples from the second day are called secret test data.

Table 2: Choice of parameter α for selected experi-

ments.

Experiment α selected by CV

Section 3.1 0.8
Section 3.3 (1020 features) 0.1
Section 3.3 (510 features) 0.9
Section 3.5 (10 features; S1) 0.6
Section 3.5 (10 features; S2) 1.0
Section 3.5 (220 features; S1) 1.0
Section 3.5 (220 features; S2) 0.0

processors, and we were able to obtain an accurate er-

ror estimate in a matter of minutes instead of hours or

days.

2.6 Parameter Selection

The elastic net classi�er has two parameters a�ecting

the solution: α and λ of Eq. (3), and they can be se-

lected using cross-validation. However, it turns out that

the obvious method of selecting both α and λ together

in a 2-dimensional grid (i.e., inside the outer CV loop

of Algorithm 1) results in a worse validation and test

performance than Algorithm 1, where the parameter α

is selected outside both CV loops. More speci�cally, dif-

ferent values are tested for the regularization parameter

α while λ is automatically selected by 5-fold CV. The

performance surface for the training data (using cross-

validation) and the secret test data is shown in Figures

2a and 2b, respectively.

Figures 2a and 2b also describe the robustness of the

model to the choice of parameters. It can be seen that

the plots are very similar in shape, and the top is �at

for a wide range of α and λ. In particular, the algorithm

is insensitive to the selection of α: For any choice of α,

there exists a value of λ, which is within 1.7 percentage

points from the absolute optimum for the secret test

data. Thus, the performance is insensitive to slightly

erroneous parameters settings.

In Section 3 we cross-validated also the parameter

α over the grid α = 0, 0.1, . . . , 1.0 for the cases listed

in Table 2. In all, the optimal values tend to be in the

upper end (close to `1 penalty) and the value used in

our original submission (α = 0.8) coincides with the

median of Table 2 and can be used as a good compro-

mise. Di�erent CV rounds give slightly di�erent error

surfaces, and improper selection of α is often masked

by random variation of the CV folds. Thus, there is a

lot of variation on the optimal value of α suggested by

the CV, and the full optimization may not be worth the

extra computation. A separate selection of α parameter

can also be interpreted as a separate selection of model
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Fig. 2: (a) The cross-validated performance for training data with di�erent values for the parameters λ and α. (b)

The true performance for the secret test data with di�erent λ and α. The blue cross denotes the parameters of

our ICANN submission.

family (i.e., `1 penalized LR, `2 penalized LR, etc...),

which is typically done less frequently than the model

parameter optimization.

3 Results

3.1 Submission to the ICANN MEG Challenge

In our submission to the ICANN MEG challenge, we

achieved a classi�cation performance of 68.0 % on the

secret second day test data. This was the winning re-

sult with a clear margin to other submissions. The ac-

curacies of all participants are listed in Table 3. More

detailed analysis can be found from the challenge pro-

ceedings [25].

Before the submission we experimented with vari-

ous combinations among the feature sets {x(1), x(2), . . . ,
x(11)} and soon found out that increasing the number

of feature sets beyond two only degraded the CV per-

formance estimate. This led us to conclude that despite

the feature selector embedded in the elastic net reg-

ularized model, too many or too complicated features

were causing over-learning. Moreover, the limitations

of the feature selection start to become more evident

as the search space grows exponentially. Although the

experiments in our recent paper [20] indicate that the

elastic net framework is superior to simpler feature se-

lection strategies, it is still sub-optimal, and manual

expert design of feature sets should always complement

the automatic selection.

Eventually, we ended up using only the feature sets

{x(1)i , x
(4)
i }2041 , i.e., mean and detrended standard de-

Table 3: Results of the ICANN MEG Mind Reading

Challenge.

Team Accuracy

Huttunen et al. 68.0 %
Santana et al. 63.2 %
Jylänki et al. 62.8 %
Tu et al. (1) 62.2 %
Lievonen et al. 56.5 %
Tu et al. (2) 54.2 %
Olivetti et al. 53.9 %
van Gerven et al. 47.2 %
Grozea et al. 44.3 %
Nicolaou et al. 24.2 %

viation of the signal. This results in 2 × 204 = 408

features per each one second sample. Thus, the number

of model parameters for the �ve-class case is 408 × 5

= 2040 (plus 5 bias terms). This is the starting point

for the elastic net to do further selection to compensate

the limited number of training samples.

Figure 3 illustrates the results of 200 CV trials with

random splitting of the second day data. Our estimate

of the prediction error can be seen in the error distribu-

tion for the test data shown in Figure 3c. In this case

the error rate is 0.397, or 60.3 % correct classi�cation.

The error is slightly higher than the error for the secret

test data, which is due to using only half of the public

second day data for training. The �nal submission used

all public class labeled data for training and achieved

an error rate of 0.32. This biasedness, however, was not

a problem for our benchmarking, where the goal was

only to �nd the best possible prediction model.
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Fig. 3: The validation results of the �nal prediction model. Figures (a), (b), and (c) illustrate the error distributions

with 200 trials for training data (complete �rst day data), validation data (25 second day samples used in training),

and test data (25 second day samples left for testing), respectively. Figure (d) shows the distribution of the number

of non-zero model coe�cients determined by elastic net regularization.

Figure 3d shows the histogram of the number of

features chosen by the elastic net after cross-validating

the regularization parameter λ. On the average, only

256 of the 2040 model coe�cients are non-zero, which

indicates that there is a high number of redundant or

noninformative features. The elastic net removes these,

because with parameter α = 0.8 the `1 penalty domi-

nates over `2.

Since the model coe�cients are directly related to

spatial locations of the sensors, the locations of the

nonzero coe�cients are of interest. The MEG measure-

ments were recorded in 102 nodes, each of which gener-

ated four input features for our model (2 gradiometer

channels per node and 2 features per channel). Since the

features were normalized in the prediction model, their

coe�cient values directly indicate the relative signi�-

cance of particular MEG channels from the viewpoint

of the classi�cation.

Figure 4 illustrates the relative importance of di�er-

ent areas for prediction. In the �gure, the locations of

the 102 gradiometer sensors are marked by black dot,

and the color indicates the sum of absolute values of all

coe�cients for all four features in each sensor location.

More speci�cally, each class k in our logistic regression

model has its own coe�cient vector βk, and Figures 4a

� 4e show the sum of coe�cient magnitudes for each

class separately, while Figure 4f shows the average over

coe�cients for all classes. Note that due to the sparsity

of the classi�er, the darkest areas in the topoplots cor-

respond to coe�cient values exactly equal to zero, and

are thus not used by the classi�er at all.

Because our approach is data-driven, care must be

taken for not to over-interpret the results shown in to-

pographic plots. Moreover, it was recently shown that

the visualization and interpretation of a model depends

on the regularization although the predictive perfor-

mance may seem stable over a range of regularization

parameter values [41]. In the following, however, we pro-

vide some possible interpretations of the plots. The spa-

tial distribution of the regression coe�cients with high

magnitudes seems to be reasonable because most of the

coe�cients are located around visual and left temporal

areas, which are known to be responsible of processing

visual and linguistic information.7 In addition, several

studies have suggested that temporal lobes have a cen-

tral role in narrative comprehension [30].

7 Note, that this is relevant although the stimuli were pre-
sented without audio: language processing is not limited to
the processing of spoken language [33].
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(a) (b) (c)

(d) (e) (f)

Fig. 4: Illustration of the sum of the regression coe�cient magnitudes for each class separately (a � e) and for all

classes combined (f). The features have been normalized in order for the coe�cient values to be comparable.

High magnitudes of the coe�cients on the right side

of the occipital lobe might re�ect active information

processing in the visual motion area (V5) during the

stimulus presentation. The Chaplin category has a co-

e�cient with very high magnitude on the left side of the

temporal lobe, possibly indicating that this category

was (partially) discriminated from the other categories

based on the neural activity related to the processing

of linguistic information. Interestingly, the football cat-

egory contains coe�cients with high magnitudes in the

parietal lobe; the area which is known to be active dur-

ing the imagery of complex motor skills [34]. The na-

ture category contains a high-magnitude coe�cient in

the anterior part of the prefrontal cortex. It is possi-

ble that the signal measured from the corresponding

channel contains an artefact component related to the

eye-movements. However, even though classi�cation re-

sult would be partially a�ected by eye-movements, the

overall distribution of spatial weights supports the fact

that the classi�cation is mostly based on brain-related

neuronal activity.

3.2 Using a Larger Set of Features

Due to the limited preparation time, the feature set

used in our ICANN MEG challenge submission was not

a result of systematic comparison. Instead, the two sets

of features {x(1)i , x
(4)
i }2041 were selected based on man-

ual experimentation. Regardless of the success of the

selection, the question of their optimality still remained

open. Thus, we investigated if a more thorough initial

feature selection would have further improved the per-

formance. Since the use of more than two feature sets

had always degraded the performance, we decided to

compare only combinations of one or two feature sets

from our list of 11. There are altogether 66 such feature

set combinations, which were all tested.

Figure 5 illustrates the classi�cation performance

of the 66 feature set combinations estimated using the

public data. The �gure shows the error estimates and

standard errors (of the mean) for all 66 combinations.

It can be seen that there are several combinations with

very good performance in the upper left corner. The

ten best ones are enumerated in the close-up picture

at the bottom. The results show that the feature set

{x(1)i , x
(4)
i }2041 that we used in our �nal contest submis-
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Fig. 5: Mean test performance and the standard error of the mean for di�erent feature sets after 200 test trials.

In the small �gure, the labels on the x-axis indicate the top ten feature sets.

sion is the third best among all 66 sets. The di�erences

between the second to the tenth best feature sets are

not signi�cant, however. Interestingly, clearly the best

feature set is {x(4)i , x
(10)
i }2041 , i.e., the detrended stan-

dard deviation together with the kurtosis, which yields

a performance estimate of 63.7 %.

The performance of the feature set {x(4)i , x
(10)
i }2041

can be analyzed more carefully using Figure 6, which

shows also the training and validation errors in Figures

6a and 6b, respectively. Compared to the result of the

submitted classi�er (Figure 3), the training and valida-

tion errors are about twice as big, while the test error

shows signi�cant improvement. Thus, had we experi-

mented with this feature set combination, it would have

been a strong candidate for our choice for the challenge

submission.

However, when testing the performance with the se-

cret test data disclosed after the challenge, it turns out

that the classi�cation performance is only 57 % as op-

posed to the performance of the original submission of

68 %. One explanation to this is that the feature sets

{x(4)i , x
(10)
i }2041 �the detrended standard deviation and

the kurtosis�are already too complicated and prone to

overlearning. This may be due to inherent Gaussian-

ity of the measurements, which makes the higher order

statistics fragile, and one should be careful when adopt-

ing them as classi�er inputs. In fact, after detrending,

84.8 % of the �rst day samples and 83.7 % of the second

day samples pass the Lilliefors test for Gaussianity with

95 % con�dence level [28], thus making Gaussianity a

dominant characteristic of the data. Another possible

explanation for the poor generalization of the feature

set {x(4)i , x
(10)
i }2041 is the high variance of the CV error

estimator with small sample sizes [8].

Our �nal note is that there are eight feature sets

among the ten best that include either the standard

deviation (8) or the detrended standard deviation (4).

Moreover, the detrended standard deviation alone is the

�fth best feature set of all. This suggests that the stan-

dard deviation of the MEG signal has quite a signi�cant

predictive power in the MEG decoding task. This is not

surprising, since it is known that a change in stimulus

can trigger either a decrease or increase of power in the

measured MEG activity [38].

3.3 The E�ect of Frequency Bands

When preparing the submission to the MEG challenge,

we were unable to gain any bene�t from using the fre-

quency bands provided by the organizers. However, on-

going spontaneous brain activity is characterized by

the presence of more or less regular oscillations in var-

ious frequency bands [45] and therefore it might be

expected that using the frequency band information

might be useful for classi�cation. Moreover, there are

several di�erent feature extraction methods in the lit-

erature, which often are stimulus type speci�c, but still

many of them always include a frequency band decom-

position [2,43,13]. Therefore, we tested in a systematic

manner if this information would be useful in our set-

ting. Figure 7 shows the validation results of a classi�er

using the variances of the band pass �ltered signals as
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Fig. 6: The validation results using detrended standard deviation and kurtosis as features. Error distributions with

200 trials are shown for training data (complete �rst day data), validation data (25 second day samples used in

training), and test data (25 second day samples left for testing) in Figures (a), (b), and (c), respectively. Figure (d)

shows the distribution of the number of non-zero model coe�cients determined by elastic net regularization.

features. The results are compared against the submit-

ted result and the CV was repeated 200 times.

Figure 7 shows the training, validation, and test per-

formances for three feature sets: The one used in our

ICANN submission with (total 408 features), a feature

set with variances of all �ve frequency bands from each

channel (total 204 × 5 = 1020 features), and a feature

set with variances of all �ve frequency bands from each

sensor (total 102×5 = 510 features). The latter feature

set was generated by averaging the band energies from

the two gradiometer channels of each sensor, and was

included in the test as it has a comparable cardinality

to that of our ICANN submission.

As seen in Figure 7, the full frequency feature set

of 1020 features (�band en.�) has a worse performance

compared to the two other methods. This is most likely

due to the limitations of the feature selection procedure

as the search space grows exponentially. When the fea-

ture space is subsampled by averaging two gradiome-

ter channels, the performance becomes comparable to

that of our ICANN submission. In addition to these

CV tests, we tested the feature sets against the secret

second day test data, with classi�cation performance of

59 % for the 1020 frequency features, 62 % for the sub-

sampled frequency features and 68 % for the baseband

features. This suggests that the frequency bands do con-

tain the information required to separate the classes ef-

�ciently, but are more prone to overlearning than the

baseband features used in the original ICANN submis-

sion. This is in line with the results of Section 3.2, which

show that the initial feature space can be constructed in

various ways with minor e�ect on the CV performance.

However, it seems that the more complicated feature

sets have weaker performance on the secret test data,

probably due to overlearning.

3.4 Movies vs. Short Clips

In the ICANN challenge proceedings [25], the organizers

assessed the performance of the submitted multinomial

classi�ers also in the binary problem of discriminating

between movies with a storyline (classes 4�Bean and 5�

Chaplin) and short video clips with no storyline (classes

1�Arti�cial, 2�Nature, and 3�Football). This was done

by combining classi�er outputs 1, 2, and 3 as one class

and 4 and 5 as another class.

Although our method clearly outperformed the other

methods in the multinomial problem, the performance

was inferior to the median performer in the binary prob-

lem. A possible explanation for this proposed by Klami
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Fig. 7: The results for the prediction model that uses the variance computed separately from �ve distinct frequency

sub-bands using all 408 channels (�band en.�) and using the mean of the two gradiometer channels of each sensor

(�band en. [avg]�) as features. Average prediction performances along with standard error bars after 200 trials

are shown for training data (complete �rst day data), validation data (25 second day samples used in training),

and test data (25 second day samples left for testing). For comparison, labels �{1, 4}� indicate the corresponding
performances by using mean and detrended standard deviation of the un�ltered signal.

et al. [25] is that the other methods have overlearned the

easier binary problem, which has ultimately made the

multinomial performance poorer. Our interpretation of

this result is instead that our 5-class classi�er is not reg-

ularized enough to achieve the best possible generaliza-

tion performance for the 2-class case. In a more detail,

a 5-class linear classi�er applied to a 2-class problem in

the above manner is not a linear classi�er, but a classi-

�er with a piece-wise linear decision surface.

To study the point further, we tested how well our

classi�er can make a distinction between movies and

short clips if we train a binary classi�er particularly

for this 2-class task. Instead of the symmetric logistic

regression model in Equation 2, we use a traditional

logistic regression model:

p(x) =
1

1 + exp(β0 + βTx)
, (4)

where p(x) estimates the probability of class 1 given

x while 1 − p(x) is the probability of class 2 given x.

Parameters β0 and β = (β1, β2, . . . , βp)
T are estimated

similarly to the multinomial case by maximizing the

elastic net penalized log-likelihood∑
i∈C1

log p(xi) +
∑
i∈C2

log(1− p(xi))−

λ
(
α||β||1 + (1− α)||β||22

)
, (5)

where C1 = {i | ki = 1} and C2 = {i | ki = 2} denote
the index sets of samples from the �rst and second class,

respectively.

As a result, the classi�cation performance of the

speci�cally designed binary classi�er is 96.5 % on the

secret test data while our earlier performance with the

multinomial classi�er was only 89.7 %. This indicates

that here a simple (linear) classi�er is preferred over a

more complex classi�er (piecewise linear). While the re-

sult is greatly improved, it is still slightly outperformed

by two methods by Tu and Sun, which were the top re-

sults in the binary classi�cation test in the ICANN chal-

lenge report having performances of 97.1 % and 96.6 %.

For simplicity, we used the same initial feature set of

mean and detrended standard deviation and the elastic

net mixing parameter α = 0.8 as in the multinomial

case. Hence, slight improvement could be expected by

optimizing these for the binary problem.

In Figure 8, we illustrate the absolute values of the

model coe�cients after feature standardization. As in

Figure 4, the black nodes mark the locations of the

sensors, which are a source of four model coe�cients

each. Due to the traditional logistic regression model

(and not the symmetric one) we only have one set of

coe�cients {β0,β} instead of one set per class. Using

the symmetric model in the 2-class case would result in
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Fig. 8: The regression coe�cient magnitudes of a bi-

nary classi�er trained to distinct movies with a story-

line from short clips.

two identical plots because the coe�cients between the

classes only di�er by their signs. The single discriminant

function is now of form g(x) = β0 + βTx. The �gure

shows the areas that the classi�er uses to discriminate

between the two classes. Interestingly, comparison of

Figure 8 to Figure 4f indicates that almost the same

sensors were important for the binary classi�cation task

as for the 5-class classi�cation.

The coe�cients with highest magnitudes are located

around the right side of the occipital lobe and the left

side of the temporal lobe. The result is reasonable from

the neuroscienti�c point of view as it suggests that the

clips with the storyline were discriminated from the

clips with no storyline based on the brain activation

related to processing of visual motion and linguistic

information. However, we acknowledge that these ex-

planations are speculative and cannot be fully veri�ed

based on this study. Especially, di�erent experimental

setups for short clips and movies8 complicate the neu-

roscienti�c interpretation of these results. However, we

re-iterate that this complication does not in�uence our

interpretation of the result from the classi�cation point

of view.

8 While short term clips from movie categories 1, 2 and 3
(see Section 2.1) were shown by the organizers in an intermin-
gled fashion, the �storyline� movies (categories 4 and 5), have
been presented in one continuous block, each at the end of the
experiment [25]. Therefore, the acquired signals in categories
1,2, and 3 might be di�erent to the signals in categories 4 and
5 purely for 'chronological' reasons, e.g., decreasing vigilance.

Table 4: Results on the BCI competition IV MEG

dataset. The table shows the amount of correct clas-

si�cations of the test set for two subjects (S1 and S2)

using the four submissions to the BCI competition (ID-

1,...,ID-4) and the proposed `1-regularized logistic re-

gression method (LR (orig) and LR (mod)); see text.

Method S1 S2 Overall p-value

ID-1 59.5 % 34.3 % 46.9 % 2.65e-9
ID-2 31.1 % 19.2 % 25.1 % 0.44
ID-3 16.2 % 31.5 % 23.9 % 0.59
ID-4 23.0 % 17.8 % 20.4 % 0.88

LR (orig) 35.1 % 30.1 % 32.6 % 0.014
LR (mod) 41.9 % 38.4 % 40.1 % 1.87e-5

Table 5: The confusion matrix of classifying the BCI

MEG data. The class labels are hand movement direc-

tions: L = left, R = right, F = forward, B = backward.

True class

R L F B Σ

P
re
d
ic
te
d R 7.5 % 6.1 % 2.7 % 4.8 % 21.1 %

L 4.1 % 13.6 % 4.8 % 2.7 % 25.2 %
F 4.8 % 3.4 % 8.2 % 8.2 % 24.5 %
B 6.1 % 9.5 % 2.7 % 10.9 % 29.3 %
Σ 22.4 % 32.7 % 18.4 % 26.5 % 100 %

3.5 Experiments with Other Data

The signi�cance of our framework depends naturally on

its generalization to other MEG datasets. Since MEG

data can be captured in various settings, a classi�cation

method should be able to learn what is essential for a

particular scenario. Since the strength of our logistic re-

gression based framework is in the ability to select the

most signi�cant features, we believe in e�cient gener-

alization ability.

There exists numerous publicly available benchmark

EEG datasets, but only a few benchmarks with MEG

data. Among the few, probably the best known is the

Brain-Computer Interface (BCI) competition IV (task

3) [51,46]. The BCI dataset contains MEG signals re-

corded while subjects performed hand movements in

four directions. The motivation for the study is to fa-

cilitate the use of decoded MEG activity in the reha-

bilitation of, e.g., spinal injury or stroke patients, who

have lost their natural hand movement.

The amount of data in the BCI dataset is signi�-

cantly smaller than in the ICANN MEG dataset: there

are only ten sensors (channels). Training data contains

160 samples (40 per class) and the secret test set con-

tains 73 or 74 samples for two test subjects, respec-
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tively. Since the ground truth for the secret test set

is now available, we are not in the same position as

the competitors. Thus, our goal is not to exceed their

result, but to illustrate that our framework is able to

reach comparable accuracy without extensive tuning.

The results of the four submissions to the BCI com-

petition IV and our method (LR (orig) and LR (mod))

are shown in Table 4. The best submission�ID-1�used

a set of statistical, frequency and wavelet features to-

gether with a genetic algorithm for feature selection and

a fusion of SVM and LDA classi�ers [46]. In fact, it is

the only one exceeding chance level, which can be seen

as follows.

The number of samples, k, correctly classi�ed by a

random classi�er is given by the binomial distribution

Bin(k;n, q), where n denotes the number of test samples

and q is the probability of correct classi�cation for a

random classi�er; i.e., our null hypothesis H0 is that

q = 0.25 for a 4-class case. Now, the probability of

a random classi�er correctly predicting the label of at

least k samples is given by

P (at least k correct|H0) = 1−
k−1∑
j=0

Bin(k;n, q).

The above formula gives the p-values of observing the

classi�cation performances by chance under H0, and

these are listed in Table 4. Using 5 % signi�cance level,

one can say that only ID-1 and our method exceeds

the chance level. Note that this analytical test is valid

and to be preferred over permutation tests if the test

examples can be assumed to be independent trials [36].

The second row from the bottom shows the result of

using our ICANN submission algorithm without mod-

i�cations. It can be seen that the accuracy is clearly

above chance level, but slightly inferior to the winning

submission ID-1 (except for subject S2). However, the

used feature is simple and designed for data with signif-

icantly higher number of channels (204 instead of 10).

The low dimensionality of our simple features calcu-

lated from the BCI dataset probably does not contain

enough information for successful classi�cation and may

not enable linear separability of the classes. Thus, ad-

ditional features are required.

We did another experiment, where the number of

features was increased 10-fold by splitting each MEG

measurement into 10 nonoverlapping blocks and calcu-

lating the mean and standard deviation from each. In

total, this produces 220 features (20 from each block

and 20 from the entire signal). This set of features

enables rudimentary assessment of frequency content,

which is a key component in all original submissions.

The result of using these aggregate features is shown

on the bottom row of Table 4. It is clearly seen that

the additional features increase the performance signif-

icantly, although not to the level of the best submission.

The review of the BCI competition [46] reports a

62 % overall accuracy on the test dataset using Reg-

ularized Linear Discriminant Analysis [51]. Although

the high accuracy is probably partly due to the avail-

ability of larger number of test subjects during devel-

opment, we believe that inclusion of frequency domain

and other derived features would render our logistic re-

gression framework comparable to [46].

However, we decide to skip this additional feature

engineering step since that would only adjust the model

to the particular properties of this relatively small set

of secret test data that is now available. Moreover, the

dataset is not very suitable for a discriminative classi-

�er, because the training data has an even class distri-

bution but the test data does not. The e�ect can be

seen from Table 5, which shows the confusion matrix of

our classi�er. The class L is overrepresented (32.7 %)

and the class F is underrepresented (18.4 %) in the test

data, although the predictor learns an equal proportion

of all classes from the training data.

4 Discussion

We have proposed a method for multinomial classi�-

cation of magnetoencephalography (MEG) data. The

method is based on multinomial logistic regression with

elastic net penalty [9,54], which combines feature selec-

tion and classi�cation into a single penalized maximum

likelihood optimization problem. The method achieves

a classi�cation performance of 68.0 % on the ICANN

MEG test data set [25], which was the winning result

in the ICANN challenge with a clear margin to the sec-

ond best submission with 63.2 % accuracy. The method

was also tested with another set of data, and despite the

simplicity of the features, the results were comparable

to the submissions of the BCI competition IV [51,46].

The BCI dataset revealed that the proposed method

is not optimal with low-dimensional data, probably be-

cause the feature selection is useless. However, it was

shown that the performance increases with additional

features describing the frequency content.

One of the key components of our approach was to

apply model regularization or feature selection in order

to cope with the large number of possibly correlated

measurements. The e�ciency of the feature selection

allowed us to experiment with a large pool of input

features without careful manual selection process. A

traditional approach to regularize classi�cation mod-

els is explicit feature selection, where only a subset of

all available features is used in the classi�cation model.
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We tested various iterative feature selection methods

including the Floating Stepwise Selection [40] and Sim-

ulated Annealing Feature Selection [7], but their results

were inferior to those of the regularized logistic regres-

sion model (for details, see [20,23]).

We have presented experimental results concerning

feature extraction / selection for MEG decoding anal-

ysis. Our results indicate that simple features based

on full-band data performs best for this application.

We found slightly surprisingly that using the frequency

band information was not as bene�cial as one could ex-

pect. Namely, this is somewhat in contrast with works,

which aim at the classi�cation of MEG signals in a more

tightly controlled experimental paradigm. For example,

Rieger et al. [43] found that the theta band around 5 Hz

was clearly most important for predicting the recogni-

tion success of natural scene photographs and Besserve

et al. [2] found that the beta band from 15 to 30 Hz was

the most important for classi�cation between a visuo-

motor task and a resting condition. Perhaps the rea-

son for this result is that in a naturalistic setups�as

in here�no single frequency band alone can provide

the most discriminative features combined with the in-

creased di�culty of the feature selection with the in-

creased number of features. We have also pointed out

that based on a CV on a limited number of samples,

a single best feature set can be challenging to identify,

and there are several well-performing feature sets. How-

ever, as recognized by many, a simple solution should

usually be preferred over a complicated one [12,18].

The proposed classi�er has linear decision bound-

aries. In Section 3.5 we discovered that the classes of

the BCI-IV data, in fact, seem to be linearly separable,

since nonlinear classi�ers do not improve the accuracy.

Moreover, the classes of the ICANN MEG dataset seem

to be linearly separable, as well: Our recent paper [20]

compares the proposed method with the SVM using lin-

ear and RBF kernels, and �nds no improvement from

the nonlinearity. Note, however, that in some cases a

simple solution may not have enough descriptive power

to represent nonlinear structures in the data: For ex-

ample, Rasmussen et al. [42] describe an fMRI classi�-

cation task, where a nonlinear classi�er clearly outper-

forms a linear one. When applicable, the bene�ts of the

linear model are in its simplicity, which makes it robust

against overlearning, in particular when the sample size

is small.

An interesting topic for future work is possible �lter-

ing operations of the data. The current algorithm does

not apply any preprocessing steps besides the usual cal-

ibration and sample rate related operations. The per-

formance could be improved with denoising either in

the time domain (within-channel smoothing) or in the

spatial domain (between-channel smoothing).

Finally, it is interesting to contrast our approach

to the other top performers in the ICANN competi-

tion. Santana et al. [44] applied an ensemble of di�er-

ent classi�ers (including elastic net penalized logistic re-

gression) preceded by a complex feature extraction step

and reached a classi�cation accuracy of 63.2 %. Jylänki

et al. [21] used a feature selection approach based on

binary classi�ers succeeded by a multinomial Gaussian

process classi�er and reached a classi�cation accuracy

of 62.8 %. There are two key di�erences between our ap-

proach and these competing approaches. First, both of

these solutions used frequency band decomposition to

construct features (in Jylänki's approach the features

were almost the same as those experimented with in

Section 3.3, Santana's feature extraction approach was

more complicated). Second, both Santana et al. [44] and

Jylänki et al. [21] used a �lter approach9 to pre-select

the features used for the classi�cation. Related to these

key di�erences, we speculate that our good results in

the competition support the hypothesis that the wrap-

per/embedded feature selection methods are preferable

over more simple �lter methods and even for the em-

bedded feature selection methods the pool of original

features should not be too large, i.e., simplicity is to be

preferred.
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